ABSTRACT OBJECTIVES This study sought to build a patientÀpatient similarity network using multiple features of left ventricular (LV) structure and function in patients with aortic stenosis (AS). The study further validated the observations in an experimental murine model of AS.
A ortic stenosis (AS) is the most common valvular lesion, with >1 in 8 individuals aged 75 years and older having moderate or severe AS (1) . The disease starts as focal leaflet thickening with calcification and gradually progresses to obstruction of the left ventricular (LV) outflow tract (2) . The LV response to AS is associated with LV hypertrophy, subendocardial ischemia, altered myocardial energetics, and fibrosis, which produce varying degrees of LV diastolic and systolic dysfunction (2, 3) . However, the LV response to AS is variable and is only partly determined by transaortic resistance (2, 4, 5) . Although there is consensus in the cardiology community that phenotypic differentiation of types and stages of AS in association with the biology of the LV is essential for optimum risk stratification and clinical decisionmaking, strategies to achieve this important goal remain imprecise (5) .
Advances in the field of genomics and systems biology have allowed the development of computational techniques that can identify complex relationships in data. Specifically, network biology is a powerful model for interpreting and contextualizing large diverse sets of biological data, for elucidating underlying complex biological processes, and creating an understandable model of a complex disease profile (6) (7) (8) . We sought to use network analysis as an analytical method in which patients with varying stages of AS were represented in a multidimensional space. Using cross-sectional data, a compressed disease map was generated for exploration of possible paths that diseases such as AS can take as valvular dysfunction worsens in patients. We first used crosssectional echocardiography data from a human population with varying AS severity to develop the disease map. Subsequently, we applied the same network analysis to an experimental murine model of progressive AS to determine whether this model effectively recaptured the phenotypic complexity of the human disease condition, and whether it could be used to guide further investigation into the clinically relevant ventricular and valvular phenotypes that emerge throughout the complex evolution of AS. and the first and second coordinates were applied as lenses to generate the disease space. The data points are colored according to the aortic peak velocity, which may be resampled several times by topological data analysis (TDA) to cluster patients into nodes (red and blue circles) and connect overlapping patients with edges. 
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Network Tomography in Aortic Stenosis this process is a 2-dimensional chart that shows a level of similarity among various patient groups, all relative to one another. Two types of parameters are required to generate topological models: a metric that measures the similarity between data points; and lenses that are the functions that describe the distribution of the data and create overlapping bins of the dataset. Multiple lenses can be applied in the same analysis. Each lens has 2 tuning parameters: resolution and gain. Resolution determines the number of bins, whereas gain controls the overlapping between bins. The gain is adjusted so that most data points appear in a comparable number of bins. Equalizing the network distributes the patients evenly across all nodes in the network (9) . TDA has been extensively validated and successfully applied in different areas of health sciences, such as gene expression profiling of breast tumors, identifying subgroups of type 2 diabetes, exploring endotypes of asthma, visualizing the syndromic space following central nervous system injury, and Table 1 . TDA ¼ topological data analysis.
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The network showed aggregation of blue nodes representing low AV mean gradients on the right side, green and yellow nodes with moderate gradients in the middle, and red nodes with high mean gradients on the left side ( Figure 2A ). This map coincided with the distribution of the AVA ( Figure 2B) . Overall, despite the clustering patterns, close examination revealed substantial overlap of nodes at the junction between mild and moderate AS and moderate and severe AS. We interpreted these data to mean that there was a significant multidimensional overlap in echocardiographic features across the 3 degrees of AS severity.
On examining the distribution of EFs, nodes that predominantly contained patients with reduced EFs (<50%) were found on the upper arm, whereas nodes with preserved EFs were situated on the lower arm ( Figure 2C ). The early diastolic transmitral flow velocity to mitral annular relaxation velocity ratio (E/e 0 ) was higher in regions of moderate and severe AS ( Figure 2D ). The looped behavior of the network was preserved even after the addition of the E/e 0 ratio as a marker of diastolic function (Online Figure 1) . Figure 3A and 3B shows the distributions of LV mass and the pattern of hypertrophy on the network.
Patients with increased LV mass and concentric hypertrophy were predominantly found in the upper arm, extending to the left side toward severe AS.
We also examined whether there were differences between moderate AS in the upper and lower arms of the loop ( Table 2; for KS values, please refer to Online Table 2 
DISEASE MAP OF MURINE AS
The TDA map was generated from echo-Doppler data of 155 mice: 68 (38%) at 3 months old, 5 (2%) at 6 months old, 95 (53.3%) at 9 months old, and 10 (5%) at 12 months old using peak aortic velocity, LV mass index, LVEFs, and RWT in the model. A circular Reeb graph showed striking similarity to the Reeb graph Values are mean AE SD or n (%). *Nodes containing patients >50% with specific types of AS from sample for defining the regions.
Abbreviations as in Table 1 .
derived from humans ( Figure 6 ), including similar distributions of peak velocity, LV mass index, RWT, and LVEFs ( Figures 6A to 6D ).
For quantitative analysis, we grouped the mice into 3 groups based on the tertile of peak aortic velocity to describe the severity of AS ( Table 4 , for KS values, refer to Online Table 4 Casaclang-Verzosa et al. Values are mean AE SD or n (%). *Nodes containing patients >50% with specific types of AS from sample for defining the regions. †p < 0.01. ‡p < 0.05. §p < 0.001 between the severe AS type and the remaining types.
LFLEF ¼ low flow, low ejection fraction; LFpEF ¼ low flow, preserved ejection fraction; NFpEF ¼ normal flow, preserved ejection fraction; other abbreviations as in Table 1 . Table 5 ).
LONGITUDINAL PROGRESSION OF AS IN MICE.
To understand whether the topological map developed from cross-sectional mouse data was also indicative of the longitudinal progression of AS across their lifetime, we compared the nodes occupied by 2 groups of mice in which data with serial follow-up assessments were available for 3 and 6 months and for 3 and 9 months. By plotting longitudinal data from 7 mice assessed at 3-and 6-month time points, we observed a progressive right-to-left shift in the node locations on the loop space ( Figure 7A Collectively, these data suggested that the mouse model of AS was able to recapture the phenotypes of human AS using TDA.
DISCUSSION
AS is prevalent in 1.7% of the population age older than 65 years (1), and prospective natural progression Casaclang-Verzosa et al.
Network Tomography in Aortic Stenosis should merit using data-driven approaches like TDA for identifying and risk stratifying AS patient subgroups so that surveillance and interventions can be tailored to individual patients.
